The paper analyses the impact of geographic innovation on Total Factor Productivity (TFP) in Taiwan. Using 242 four-digit standard industrial classification (SIC) industries in Taiwan in 2001, we compute TFP by estimating Translog production functions with K, L, E and M inputs, and measure the geographic innovative activity using both Krugman's Gini coefficients and the location Herfindahl index. We also consider the geographic innovation variable as an endogenous variable and use 2SLS to obtain a consistent, albeit inefficient, estimator. The empirical results show a significantly positive effect of geographic innovation, as well as R&D expenditure, on TFP. These results are robust for the Gini coefficients and location Herfindahl index, when industry characteristics and heteroskedasticity are controlled. Moreover, according to the endogeneity of geographic innovation, the Hausman test shows that the geographic innovation variable should be treated as endogenous, which supports the modern theory of industrial clustering about innovation spillovers within clusters.
Introduction
Porter, [24] popularised the idea that agglomeration (or clusters) affects industrial performance and global competition, however, it is still widely debated whether geographical location affects national competitiveness. Classic theories argue that industrial agglomeration provides firms with easy access to critical resources, lower transport costs, access to customers, and a specialized and skilled labour pool [21, 22] .
Using a two-region model, and assuming immobility of farmers and free mobility of manufacturing workers, [20] concluded that agglomeration tends to emerge when economies of scale create more profit than the offsetting transportation costs, or when transportation cost alone is sufficiently low,. Following Krugman, [10] argued that resources which are critical to a firm or an industry should not be limited to natural resources, but should include all resources, such as human capital, when they are not perfectly mobile. They even suggested that all industries are at least slightly agglomerated, and attributed the agglomeration to cost advantages.
More recent studies for example, [18, 1, 2, 12, 13, 14] , and [3] , have emphasized that spatially-mediated knowledge spillovers are likely to play a crucial, if not dominant, role in industrial agglomeration (or clusters). As [3] observed, if the ability to receive knowledge spillovers is influenced by distance from the knowledge source, then geographic concentration should be controlled, especially in industries. From a managerial perspective, spillovers within clusters are normally generated by informal exchange of information, such as labour turnover, industrial events, or even from using the same suppliers [24, 27, 29] . [9] and [26] suggested that firms within the same cluster may also benefit from joint-bidding, scaled contract tender, or joint marketing. In addition, firms may also benefit from accessibility to public goods, such as research resources and infrastructure. [26] also stated that, due to easy access to skilled labour as well as diverse suppliers and input, clusters have become the main source of innovation. Thus, in explaining why industry technology varies across industries, we also need to explain, and control for the geographic concentration of innovation.
Although previous evidence supports the idea that geographic concentration is important for spillovers , research in the industrial organization literature linking the underlying degree of concentration of economic activity within a geographic context to industrial performance, is still rare. Most research typically explains the agglomeration economy across different industries [15, 16, 11, 28] . Few have demonstrated the degree of geographic concentration as generating greater industrial performance. According to [24] , while traditional thinking on innovation focuses on internal factors such as technology, the external factors are usually ignored,. If innovation arises within the same cluster, then one might expect a positive impact of concentration of innovation on industrial productivity. Consequently, the geographic concentration of innovation within a cluster can be affected by the geographic concentration of production. As the impact of geographic innovation on productivity may vary hugely across industries, it may be positive in some high-tech industries, and negative in others.
The paper examines whether geographical concentration of innovation is a spur to industrial productivity and establishes the following outcomes. Firstly, industry agglomeration augments knowledge spillovers within the cluster, and thereby creates greater opportunity for innovation.
Secondly, the agglomeration of innovation may lead to an increase in industry Total Factor Productivity (hereafter, TFP). We examine the effect of agglomeration of innovation on productivity by using the four-digit standard industrial classification (hereafter, SIC) manufacturing industries for Taiwan in 2001.
The remainder of the paper is organized as follows: Section 2 describes industry agglomeration in Taiwan. Section 3 presents the theoretical and empirical framework, while the data and variable description are described in Section 4. Estimation results are presented in Section 5, and Section 6 concludes.
Industrial agglomeration in Taiwan
In Taiwan, industry agglomeration can be directly linked to public policy, where targets actively promote industrial and technological upgrading. Overall, we can identify three types of industrial agglomeration: (1) Industrial zones; (2) Export processing zones; and (3) Science-based industrial parks.
Industrial zones
Since the 1970s, the concept of an 'industrial zone' has been directly linked to Taiwan's industrial policy. More recently, the Industrial Development Bureau has focused on incentives aimed at encouraging investment which might lead to industry clustering, which in turn can promote local economic development and an environment that emphasizes high added-value production. This will hopefully lead to the emergence of strategic industries, i.e., those that are expected to benefit economic development in a significant way. Figure 1 shows the industrial zones in Taiwan. According to the current administrative districts in Taiwan, there are twenty-five "Counties or Cities", which include Taiwan Kinmen County and Lienchiang County, which comprise a small archipelago of islands administered by Taiwan. Figure 1 shows only twenty-three of these "Counties or Cities". Each "County or City" can be divided into smaller geographic districts, including County-Adm. City, Jhen, Siang, or District. Table 1 shows the number of administrative districts across Counties and Cities in Taiwan.   INSERT FIGURE 1 ABOUT HERE   INSERT TABLE 1 ABOUT HERE   Table 2 provides an overview of the area, number of industrial parks, and number of plants for each geographic area ("City or County"). As shown in Tables 1 and 2 , "County or City" covers seven cities and sixteen counties (see also Figure 1 ), and each "City or County" is grouped from a number of County-Adm. City, Jhen, Siang, or District. In the paper, as shown in Table 1, the   total number of geographic areas is 359.   INSERT TABLE 2 ABOUT HERE   Table 3 Table 6 shows the number of high-tech firms in the STSP from 1988 to 2006.
INSERT TABLE 6 ABOUT HERE

Theoretical framework and empirical analysis
We adopt a three-step empirical strategy to estimate the impact of geographic concentration of innovation on TFP. The first step involves estimation of a Translog production function for each two-digit SIC industry. We use the parameter estimates to compute each firm's TFP in a given industry, and then average the firm's TFP in a given four-digit SIC industry. In the second step, we construct a geographic concentration indicator in a given four-digit SIC industry. In the third step, we construct an empirical model to examine the effect of industry agglomeration on TFP.
Computation of TFP
We obtain our measure of the TFP of Taiwanese firms by estimating a production function, and linking sales (our measure of firm output Q) to inputs X. For industry i operating in the manufacturing industry, we write:
where X 1 , X 2 , X 3 and X 4 , denote, respectively, capital, labor, energy and materials (also generally referred to as K, L, E and M inputs). In order to conduct the empirical analysis we need to specify a functional form for F, which we wish to keep as flexible as possible. Therefore, we assume a Translog specification which is usually considered a reasonable second-order approximation of an arbitrary production function (see, for example, [4] , [5] , [8] , [7] ). We rewrite (1) as:
where, ε it a transitional error term.
Under the usual symmetry assumption (that is, δ jk = δ kj , ∀ j, k), we can also compute input shares, for k = 1, 2, 3, 4:
Returns to scale are then defined as the sum of input shares over k = 1, 2, 3, 4:
Finally, we can compute TFP for industry i as [19] :
Measures of geographic concentration of plants
Due to the lack of information on the actual spatial distance (in miles) between the centroids of "County or City" in the data set, in this paper we use the two most popular indicators to measure geographical concentration: the geographic Herfindahl index and the geographic Gini coefficient. Both measures of geographic concentration can be calculated using any geographic unit, or parcel [6] . In our case, the County-Adm. City, Jhen, Siang, or District is the geographic unit. As shown in Table 1 , the geographic area totals 359.
For brevity, the lower case for each industry is suppressed in the formula. The location
Herfindahl indicator for a given industry is then defined as 1 :
where j k denotes the number of plants in a given geographic area, for a given industry (k is a certain geographic area), and m is a sufficiently large number of geographic areas (m= 359 in our data set). When a geographic area is located by only one plant in a given industry, the index has a maximum value of 1, (or 10,000, when the market shares are measured in percentage terms).
The value declines with increases in an industry that is not geographically concentrated in geographic area m, and increases with rising inequality among any given number of geographic areas.
The Geographic Gini coefficient, as first proposed by [20] ), can be estimated through numerical integration of the area inside the Lorenz curve in the graph of cumulative employment of jobs, sorted according to decreasing geographic area, for any given industry. In calculating the Geographic Gini coefficient we use the number of plants and follow a measure suggested by [23] and [6] .
where j k denotes the number of firms in a given geographic area for a given industry, m is a sufficiently large number of geographic areas, r k denotes the rank of the number of firms in a geographic area when the geographic area is sorted in decreasing order of the number of plants. The closer the Gini coefficient is to 1, the more geographically concentrated the industry would be; alternatively an industry which is not geographically concentrated would have a coefficient of 0. 
Measures of geographic concentration of innovation
where R k denotes the number of plants which have recorded their own R&D expenditures in a given geographic area for a given industry (k is certain geographic area), and m is a sufficiently large number of geographic areas (m = 359 in our case ).
The Geographic Gini coefficient of innovation for a given industry is given by the formula:
where R k denotes the number of plants with a record of R&D expenditure in a given geographic area for a given industry, m is a sufficiently large number of geographic areas, r k denotes the rank of the number of plants with recorded R&D expenditures in a geographic area, when the geographic areas are sorted in decreasing order of numbers of plants.
Estimation procedure
In order to investigate the impact of geographic innovation on industry total factor productivity, we consider the following linear model which is a function of industry R&D input and geographic concentration of innovation such that:
e is an error term
Given the discussion in Section 1 above, innovation activity could grow more rapidly within clusters [3] . Therefore, we should consider the variable of industry agglomeration of innovation,
R&D
Gini , to be endogenous and use two stage least squares (hereafter, 2SLS) to obtain consistent, though inefficient, estimators. Thus, we first estimate equation (7) (7)
Gini is the geographic Gini coefficients in industry i and i ε is an error term.
We can obtain the fitted value,
Gini
, from the reduced form equation (7), and use them as an explanatory variable in equation (6) replacing
The data arise from a Census such that the population is large and involves all Taiwan manufacturing industries. Therefore, we also account for potential heteroskedasticity in the data by 'robustifying' standard errors using the White correction. The robust standard errors are typically slightly larger than their asymptotic counterparts. The models also include an industry-specific effect using a set of three-digit SIC industry dummy variables. The resulting coefficient estimates are 'proper' 2SLS estimates, but the reported standard errors are not correct in the two-step regression process as they are based on an improper covariance matrix of the error term 2 σ . Therefore, we use the econometric software package, Stata 10 to compute the IV estimates and their correct standard errors. The data used in the paper are described in the following section.
The DGBAS data
We use data provided by the Directorate General of Budget, Accounting and Statistics (DGBAS) of Taiwan's Executive Yuan. The DGBAS data are from a large survey conducted every five years by the DGBAS. In this paper, the data cover 153,923 plants for all manufacturing industries in 2001. It should be noted that the Tobacco industry has only 8 plants, and hence was deleted from the data set. As a result, the sample has 153,915 plants. Table 7 provides a classification of the 153,915 observations by two-digit SIC manufacturing industry. Our empirical model will be based at the industry level, therefore, we aggregate or average the original observations in a given four-digit SIC for each variable (as described in Section 3).
The DGBAS data also provides information on plants' sales, net value of fixed assets in operation at the end of the year, total sum of gross wages, number of employees, energy expenditures, total expenditures on raw materials, and R&D expenditures. This information is used to construct the dependent variable, total factor productivity (TFP). The DGBAS census data also provide detailed geographic information on plants' city codes which allows us to measure both geographical concentration indicators.. Finally, the DGBAS data allows us to define innovating plants on the basis of their innovation expenditures. In our paper, we define a plant that has reported R&D expenditures as an "innovating plant". However, the proportion of innovating plants remains fairly small in every 2-digit industry, except in high-tech industries such as industry (26) "Audio & video products" and industry (27) "Electronic parts & components" (see also Table 7) . Table 8 provides summary statistics for all the explanatory variables, except for the control variables.
INSERT TABLE 8 ABOUT HERE
Results
Estimation of TFP values
As explained in Section 3.1, we estimate a Translog production function with K, L, E and M inputs, and use the production function estimates to compute RTS and TFP. The estimated values of RTS and TFP for each industry are given in Table 9. The table shows A second important result observed in Table 9 is that in every 2-digit industry RTS is close to one, which is consistent with the classical idea of a constant returns-to-scale technology.
Therefore, assuming a production function with constant returns to scale in every industry would in the context , be a reasonable approximation.
INSERT TABLE 9 ABOUT HERE
Estimation of the effect geographical concentration of R&D on TFP
We use the econometric software package Stata 10 to compute the Instrumental Variable estimates and their standard errors. For four-digit SIC cross sectional data, we also present the robust instrumental variables standard errors by using White's heteroskedasticity correction such that the overall Wald chi-squared test is also based on the robust estimators. In virtually all cases, the asymptotic standard errors are smaller than their robust counterparts. Each model also included a set of 3-digit SIC dummy variables.
The estimation results are presented as Tables 10 and 11. Table 10 provides the results of the reduced form equation, or first stage regression, and Table 11 the results of two stage least squares (or instrumental variables). The second column of Table 10 presents the results of estimation when Gini is the indicator of geographic concentration, and the right-hand column the results when the geographic Herfindhal indicator is chosen. For brevity, we do not present the estimates for the dummy variables in Tables 10 and 11.   INSERT TABLE 10 Gini & , the variable Gini should be significant for 2SLS to be useful. Table 10 reveals a statistically significant correlation between the Gini coefficient and the Gini coefficient of innovation, and the results from the GHHI indicator are consistent with Gini. Therefore, we can rely on the 2SLS estimates for the TFP equation. Table 11 presents the regression results using 2SLS. In Table 11 , the Gini & (c.f. equation (7) in Section 3) by OLS, obtain the residuals, εˆ, include εˆ as an explanatory variable in equation (6), and then estimate the auxiliary regression by OLS. Table 12 presents the result of the Hausman test. We focus on the key variable εˆ which has a significant effect at the 1% level for the Gini indicator, and the 10% level for the GHHI indicator. These results suggest that 
INSERT TABLE 12 ABOUT HERE
Conclusions
The objectives of this paper were to examine the effects of geographic innovation on total factor productivity (TFP) at the industry level in Taiwan To measure the extent to which manufacturing in specific industries is concentrated geographically and the extent to which innovative activity tends to cluster spatially, we used The results showed a significantly positive effect of geographic innovation on TFP. This result was quite robust across both Krugman's geographic Gini indicator and geographic Herfindahl index, when industry characteristics and heteroskedasticity were controlled.
Moreover, the endogeneity of the geographic concentration of innovations has been assessed using the Hausman test, and the empirical results showed strong support for treating the R&D Gini variable as endogenous.
[29] H. Yamawaki, The evolution and structure of industrial clusters in Japan, Small Business Economics, 18 (2002) 121-140. Taiwan Table 1 Source : County and City Government, Taiwan. All indicators (RTS and TFP) are computed using the parameters of a Translog production function, as described in Equations (2) . RTS and TFP, as defined by Equations (4) and (5) respectively, vary inside a given 2-digit industry. 
Figure 1 Industry zones in
